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Abstract. This paper has the purpose of establishing the variables that explain
the behavior of ResearchGate for the Top100 Latin American universities
positioned in Webometrics database for January 2017. For this purpose, a search
was carried out to get information about postgraduate courses and professors at
the institutional websites and social networks, obtaining documents registered in
Google Scholar. For the data analysis, the econometric technique of ordinary
least squares was applied, a cross-sectional study for the year 2017 was con-
ducted, and the individuals studied were the first 100 Latin American univer-
sities, obtaining a coefficient of determination of 73.82%. The results show that
the most significant variables are the number of programs, the number of tea-
cher’s profiles registered in Google Scholar, the number of subscribers to the
institutional YouTube channel, and the GDP per capita of the university origin
country. Variables such as (i) number of undergraduate programs, (ii) number of
scientific journals; (iii) number of documents found under the university
domain; (iv) H-index of the 1st profile of researcher at the university;
(vi) number of members of the institution; (v) SIR Scimago ranking of Higher
Education Institutions; (vi) number of tweets published in the institutional
account; (vii) number of followers in the Twitter institutional account;
(vii) number of “likes” given to the institutional count, were not significant.
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When discussing the impact of the publications, it is important to review the issue of
bibliometric indicators, such as the ResearchGate metrics (RG). ResearchGate is a
high-impact academic network that was founded in 2008 by Ijad Madisch, Sören
Hofmayer, and Horst Fickenscher. During the first half of 2018, ResearchGate has
more than 15 million members [1], and contains important academic networking tools,
with a wide catalog of bibliometric indicators, among which, ResearchGate Score
stands out [2]. The ResearchGate Score is the flagship indicator calculated using an
undisclosed algorithm to measure the scientific reputation [3].
This paper aims to establish the variables that explain the behavior of ResearchGate
for the Top100 Latin American universities positioned in Webometrics database in
2017. An ordinary least square model was applied with ResearchGate Score as the
dependent variable and with the following explanatory variables: (i) number of post-
graduate programs, (ii) number of teacher’s profiles registered in Google Scholar,
(iii) number of subscribers to the institutional YouTube channel, and (iv) GDP in each
country where the institution is located.
The topic of ResearchGate has been treated by different authors, like [4] who
indicated that RG is a research-oriented academic social network that reflects the level
of research activity in the universities. The study suggests that academic social net-
works act as indicators in the assessment of research activities and may be useful and
credible for acquiring scholar resources, staying informed about research results, and
promoting the academic influence. In the same way, [2] conducted a study in which the
RG Score was analyzed and revealed the main advantages and disadvantages of this
indicator, concluding that it does not measure the prestige of the researchers but their
level of participation in the platform.
From another perspective, [5] conducted a research that allowed to assess if the data
of use and publication of ResearchGate reflected the existing academic hierarchies.
This study concludes that the classifications based on the ResearchGate statistics
correlate moderately well with other classifications of academic institutions, suggesting
that the use of ResearchGate broadly reflects the traditional distribution of academic
capital. At the same time, [6] presents a method to capture the structure of a full
scientific community (the community of Bibliometrics, Scientometrics, Informetrics,
Webometrics, and Altmetrics) and the main agents that are part of it (scientists, doc-
uments, and sources) through the lens of Google Scholar Citations (GSC). The method
was applied to a sample of 814 researchers in Bibliometrics with a public profile
created in Google Scholar Citations, and later used in the other platforms, collecting the
main indicators calculated by each of them. The results obtained from this study were:
(i) ResearchGate indicators, as well as the readers of Mendeley, present a high cor-
relation with all indicators of GSC; and (ii) there is a moderate correlation with the
indicators in ResearcherID.
Regarding the use of the Webometrics data, there are several researches that have
already used them. For example, [7, 8] compared different rankings like the Ranking of
Shanghai, QS World University Ranking, SCimago Institutions Rankings SIR, and the
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Web Ranking of Universities-Webometrics, finding that the indicators associated with
the research and institutional capacity stand out as common criteria in the reviewed
evaluation methodologies. This research firstly states that Brazil occupies the first
positions in the four rankings; and secondly, that there is a greater number of Latin
American universities in QS (40%) and Webometrics (31%), while in the other two
rankings it does not exceed 8%. [9] carried out a cluster analysis of the Top100 Latin
American universities positioned in the Webometrics database in January 2017. The
research included information about postgraduate programs and social networks on the
web sites of these institutions and teachers. The variable with the highest correlation
with the ranking is the number of postgraduate programs.
In the same way, the study of [10], analyzed a group of manageable visibility
factors corresponding to the universities present in the Top100 of the Webometrics
database of Latin America published in January 2017 for the identification of profiles.
For this purpose, data was collected about the academic offer and scientific journals
published on each university website; figures on documents and profiles found in
Google Scholar; activity on social networks; and the institutional score reported by
ResearchGate as a scientific network. Clusters were formed by quartiles to characterize
the visibility profiles of Latin American universities considering the variables studied.
The higher offer of postgraduate programs and the presence in scientific networks and
Google Scholar characterize the best positioned universities.
For its part, [8] and [10], used the Data Envelopment Analysis (DEA) for pro-
cessing the academic data published on the website of each university, the content and
profiles shown in Google Scholar (GS), the data published by the university in
ResearchGate as scientific network, and finally, the data of social networks such as the
Twitter and Facebook accounts of the corresponding institutions. The authors found
that the postgraduate offer, visibility in GS, and the use of scientific and social networks
contribute favorably to the web positioning of Latin American universities.
From another approach, [11], also discussed the importance of webmetrics tech-
niques for measuring the visibility, specifically in the case of university libraries in Sri
Lanka. Similarly, [12] uses two quantitative techniques in Multi-criteria Decision
Analysis (MCDA) which are the Entropy method and the Technique for Order of
Preference by Similarity to Ideal Solution (TOPSIS), applied to the Webometrics
ranking for universities in the world. These models help evaluators to apply a strategic
vision for future developments by the use of the multi-criteria decision analysis
method. The author concludes that Webometrics classification systems are perceived
differently by different stakeholders and, therefore, can be approached in different
ways.
2 Method
For the development of the document, an econometric exercise was performed to
analyze the determinants of the ResearchGate (RG) score, since it is an indicator that
considers the popularity and commitment to the RG community [13]. Therefore, it
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measures the number of publications, followers, and interactions within this scientific
social researcher’s network.
The econometric technique used was the ordinary least squares. A cross-section
was made for the year 2017, where the individuals studied were the first 100 Latin
American universities of the Webometrics Ranking for that year.
2.1 Data
The data used to build the model were obtained from the Web Ranking of Universities
[14] and the statistics of the International Monetary Fund, published in April 2018. The
analysis was made on the first 100 Latin American universities of the Webometrics
Ranking.
2.2 Variables
As mentioned above, the dependent variable was the ResearchGate Score and the
explanatory variables were: (i) number of postgraduate programs offered by the edu-
cational institution (po), (ii) number of teacher’s profiles registered in Google Scholar
(sp), (iii) number of subscribers to the institutional YouTube channel (YouTube), and
(iv) GDP per capita at constant prices adjusted to the purchasing power parity in base
dollars 2011 as a control variable of the level of economic development of the origin
country of the university, since it is expected that RG score has a positive relationship
with quality and impact of the research in its environment (pibppp).
2.3 Model
The log-log model is specified as follows:
Lrgj ¼ b0þ b1 lpojþ b2 lgspjþ b3 lgyoutubeiþ b4lpibpppi þ ejt: ð1Þ
j corresponds to the university; i is the country of origin of the university; lrg is the
logarithm of the ResearchGate score; lpo is the logarithm of the number of post-
graduate programs offered by the university; lgsp is the logarithm of the number of
teacher’s profiles registered in Google Scholar; lgyoutube is the logarithm of the
number of subscribers to the institutional YouTube channel; lpibppp is the logarithm of
GDP per capita at constant prices adjusted to the purchasing power parity in base
dollars 2011 of the country where the university is located and ejt is a random dis-
turbance that is supposed ejt Nð0; r2Þ.
3 Results
The results of the model are available below. The proposed model considered all the
variables in natural logarithm (Fig. 1).
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In this case, the significant variables are shown. Other variables initially considered
as (i) number of undergraduate programs, (ii) number of scientific journals; (iii) number
of documents found under the domain of the university; (iv) H-index of the 1st profile
of university researcher; (vi) number of members of the institution; (v) Scimago SIR
ranking of Higher Education Institutions; (vi) number of tweets published in the
institutional account; (vii) number of followers in the Twitter institutional account;
(vii) number of “likes” given to the institutional account, were not significant.
To validate the model, the relevant tests were performed for the MCO cases. When
performing the Ramsey test, it can be concluded that there was no omission of relevant
variables since the null hypothesis can not be rejected. Ramsey RESET test using
powers of the fitted values of lrg.
Ho: model has no omitted variables
F (3, 77) = 1.85
Prob > F = 0.1454
The White’s test shows that the variance of random perturbations, conditional on
the values of the regressors, are constant. Since the null hypothesis of homoskedasticity
can not be rejected, as shown below (Fig. 2):
White’s test for Ho: homoscedasticity against
Ha: unrestricted heteroskedasticity
chi2(14) = 10.59
Prob > chi2 = 0.7180
       _cons    -5.339164   2.858211    -1.87   0.065    -11.02719    .3488574
     lpibppp     1.005943   .2797976     3.60   0.001     .4491277    1.562758
   lgyoutube    -.0914424   .0319105    -2.87   0.005    -.1549463   -.0279386
        lgsp     .7892523   .0635073    12.43   0.000     .6628688    .9156359
         lpo     .2328636   .0884934     2.63   0.010     .0567561    .4089711
         lrg        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
       Total    72.5578872    84  .863784371           Root MSE      =  .47554
           Adj R-squared =  0.7382
    Residual    18.0911795    80  .226139744           R-squared     =  0.7507
       Model    54.4667077     4  13.6166769           Prob > F      =  0.0000
           F(  4,    80) =   60.21
      Source         SS       df       MS              Number of obs =      85
Fig. 1. Results of the model
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To test for normality of the errors, the tests of normality of kurtosis and pointing,
and Shapiro-Wilk were made, concluding that the null hypothesis of normality to a
significance level of 5% can not be rejected (Fig. 3).
Finally, the variance inflation factor (VIF) was calculated to prove that there was no
multicollinearity in the independent variables, concluding that there was no multi-
collinearity since the value was less than 3 (Fig. 4).
Since the model does not violate any of the MCO assumptions, no transformation is
necessary. The coefficient of determination is 73.82%. The significant variables in the
model were the number of postgraduate programs offered by the university; the number
of teacher’s profiles registered in Google Scholar; the number of subscribers to the
institutional YouTube channel and the GDP per capita of the country where the uni-
versity is located.
Fig. 2. Cameron & Trivedi’s decomposition of IM-test
Fig. 3. Skewness/Kurtosis tests for Normality
    Mean VIF        1.25
   lgyoutube        1.05    0.950065
     lpibppp        1.18    0.849824
         lpo        1.27    0.785697
        lgsp        1.51    0.660182
    Variable         VIF       1/VIF  
Fig. 4. Variance inflation factor (VIF)
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Therefore, the equation of the model corresponds to:
Lrgj ¼ 5:339164þ 0:2328636  lpojþ 0:7892523  lgspjþ  0:914424  lgyoutubei
þ 1:005943  pibpppiþ ejt:
ð2Þ
The effects of each of the variables are explained below.
• An increase of 1% in the number of postgraduate programs offered by the university
increases the ResearchGate score of the institution by 0.23%.
• An increase of 1% in the number of teacher’s profiles registered in Google Scholar
increases the ResearchGate score of the institution by 0.79%.
• An increase of 1% in the number of subscribers to the institutional YouTube
channel reduces the ResearchGate score of the institution by 0.9144%.
• An increase of 1% in GDP per capita at constant prices adjusted to the purchasing
power parity in base dollar 2011 of the country where the university is located
increases the ResearchGate score of the institution by 1.006%.
4 Conclusions
The model of standard errors corrected for the model has a determination coefficient of
73.82%. The only variable that presented a negative relationship with the dependent
variable was the number of subscribers to the institutional YouTube channel, that is, the
popularity on YouTube of the institution has an inverse effect on the RG score, what
can be explained since YouTube corresponds to a social network and not to an aca-
demic one.
Variables such as (i) number of undergraduate programs, (ii) number of scientific
journals; (iii) number of documents found under the university domain; (iv) H-index of
the 1st profile of researcher at the university; (vi) number of members of the institution;
(v) SIR Scimago ranking of Higher Education Institutions; (vi) number of tweets
published in the institutional account; (vii) number of followers in the Twitter insti-
tutional account; (vii) number of “likes” given to the institutional count, were not
significant.
Considering the above, some of the recommendations for the institutions to
increase their position in the RG score are: (i) increase the number of teachers with
active profiles in academic social networks, and (ii) increase the number of post-
graduate programs and postgraduate students.
For future researches, this analysis could be carried out on other rankings such as
Shanghai, QS World University Ranking, and SCimago Institutions Rankings SIR.
Those results could allow to provide recommendations to the academic authorities of
higher education institutions to increase their visibility.
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